ABSTRACT Environmental concerns and depletion of traditional energy lead to the booming development of renewable distributed generation (RDG) in the past decade. However, due to intermittent nature of renewable energy sources, to what extent RDG could provide capacity to power systems becomes a critical issue to the utility company when implementing long-term system strategic (generation expansion) planning. On the other hand, in a smart-grid frame, the popularization of different varieties of demand-side resources enables the system to operate at more flexible modes ever before. The potential variability in load demand not only introduces additional dynamics and uncertainties to the system, but could also affect the reliability benefits of RDG. Therefore, in practice, to effectively estimate the reliability value of RDG in power systems, the potential interaction between generation-and demand-side must be properly captured. In this paper, a study to assess the capacity credit (CC) of RDG in a context of distributed generation system is performed with consideration of the impacts of demand response (DR). A compound reliability model for DR is presented, which considers the uncertainties involved in both instant response and follow-on load recovery processes. On this basis, an assessment framework for the CC of RDG based on sequential Monte Carlo simulation is developed by which the inter-temporal characteristics of DR resources can be fully captured. The numerical study is implemented based on the IEEE-38 bus test case. The calculation results demonstrate that the CC of RDG would depend on a variety of factors, including penetration level, responsiveness of load demand and the correlations between RDG and DR availability. Also, it is shown that accounting for the underlying effect of DR is of absolute importance, otherwise the CC of RDG might be estimated erroneously in real practices.
I. INTRODUCTION
The environmental concerns and depletion of traditional energy lead to the booming development of distributed generation (DG) in the past decade. DG units are typically small in size and supply power to end-users by connecting to local distribution systems. Compared with conventional centralized generating units, DG is considered as one of the most promising forms of generation due to its promising social benefits, together with lower capital costs and stronger government support.
With the continuous integration of DG, distribution systems are evolving from the traditional passive unidirectional flow networks to much more complicated distributed generation systems (DGS) [1] . However, in practice, as most DG units are based on renewable energy sources (e.g. wind, solar, etc), the intermittency nature of natural resource supply could make the power output of DG highly uncertain. Because of this uncertainty, it is necessary to study the reliability of the system. Therefore, to the utility, to what extent renewable distributed generation could provide capacity contribution to distribution systems becomes an urgent issue to be explored [2] . Such problem is also usually referred to as capacity credit (CC) assessment As the concept of CC provides a straightforward quantification for comparing reliability contribution of both firm and non-firm generation under the same benchmark, thus it is particularly useful for future power planning and operations.
Although there has not been a formal definition for the CC of RDG currently, yet in broad terms, it can be generally classified into two categories: the first one considers CC as the capacity by which the reference generator with a specific forced outage rate (FOR) can be removed while maintaining the reliability as the system with wind power generation; meanwhile, CC can be also understood as the extra load that allowed to be increased by the added wind capacity, which is often denoted by the effective load carrying capability (ELCC).
In the last decade, considerable efforts have been devoted to the CC analysis of RDG [3] . In the existing literatures, the authors of [4] make a discussion on above issue based on the practical planning standards in the U.K.. The quantitative analysis can be found as well. For example, Monte-Carlo simulations (MCS) have been used in [5] , wherein the characteristics of load is especially focused. The CC of wind power in off-gird micro-grids is also investigated in [6] . The work of [6] further considers the diversity with respect to (w.r.t.) DG technology and makes an evaluation on the CC of microgrids.
In above studies, the demand side in the system has been commonly hypothesized as passive loads, which cannot interact with the grid. However, under a smart grid environment, the widespread deployment of advanced metering infrastructures (AMI) facilitates bi-directional information exchange between users and the utility, making it feasible to monitor and control the way of end-use consumptions in real time [7] . As such, demand response (DR), as an emerging technology in smart grid, has attracted growing attention in recent times.
In order to evaluate the contribution of DR to system reliability, a variety of studies have been reported. In [8] , the authors make a discussion on capacity credit assessment considering demand response. Reference [9] suggests a fuzzy evaluation tool for assessing the effect of investment and operation of DG units. The authors of [10] evaluate a comprehensive framework for DR, with different 'traditional' generation-oriented CC metrics. In fact, as DR actions in the form of load reduction or shifting could lead to different demand pattern in the system, thus its presence could have a direct and nonnegligible impact on the estimation of RDG's CC [7] . Therefore, an investigation defines a series of available load supply capability probabilistic evaluation indices, which can reflect the sufficiency of load supply capability more accurately in [11] . Unfortunately, little work has been done on this topic hitherto. In some pilot researches, the single empirical-based demand function is commonly used for representing the responsivity of all the customers, whereas the uncertainties in DR activities and their internal correlation with system demand are largely neglected. The participation of DR makes the operation of the power system more flexible and diverse, and thus influencing the system's power supply, which has not been mentioned in the existing literatures.
In this paper, we assess the CC of RDG under DGS framework while considering the potential impact of DR. The representation of DR is broken down into two inter-dependent stages, instant responses and subsequent load recoveries. A composite probabilistic model is proposed to indicate the equivalent virtual capacity that DR resources could provide to system power balancing, wherein the uncertainties and temporal correlation between DR and loads are especially taken into account. The sequence Monte Carlo simulations embedded with adaptive variable-step search is employed to improve the computation efficiency.
The remainder of this paper is organized as follows: The definition of RDG CC and reliability modeling of system components are respectively described in Sections II and III. After that, the formulation of DR model is given in Section IV. Subsequently, Section V elaborates on the procedures for CC evaluation of RDG with consideration of DR impacts. Numerical studies are performed in Section VI, and the final conclusions are drawn in Section VII.
II. CAPACITY CREDIT OF RENEWABLE DISTRIBUTED GENERATION
In broad terms, capacity credit (CC) represents the contribution that a resource could make to the supply adequacy of system. Although there can be numerous ways for defining CC, effective load carrying capability (ELCC) and equivalent firm capacity (EFC) are the two metrics that most commonly used [4] . ELCC is a CC metric which describes the capacity from the load side, while the EFC is described from the perspective of the generation side.
Regarding the DGS with the loading level D, the CC of RDG based on EFC can be mathematically expressed as follows
And the CC of RDG based on ELCC can be mathematically expressed as:
where C ori is the total generation capacity in the system; C dr is the added DR loads and C rf denotes the amount of equivalent firm capacity, which to be determined in the evaluation. R is the reliability index for indicating the adequacy of system. As the choice of R can have a significant impact on the obtained CC [12] , the loss of load expectation (LOLE) are selected in this study. In the DGS, the C ori consists of two parts: power from the transmission system C tran and the power from the RDG, so the C ori can be expressed by
where the C rdg is the capacity of RDG unit. For the sake of practicability, the EFC approach is adopted here.
Thus the CC of RDG can be represented as:
III. MODELING OF SYSTEM COMPONENTS A. CONTROLLABLE DISTRIBUTED GENERATION
The controllable distributed generation (CDG) reliability model consists of two aspects: mechanical availability and fuel supply [13] . In practice, the mechanical part can typically be represented by a two-state Markov model [14] , which represents the normal state (ON) and failure state (OFF) of the DG unit. Since most CDG technologies depend on conventional energy sources (i.e., gas or diesel) for their fuel supply, their power output is highly deterministic. Therefore, in this study, we assume that if there are no mechanical failures, the CDG units can operate at any requested level in their nominal capacity limits without any uncertainty.
B. RENEWABLE ENERGY GENERATION 1) WIND TURBINE
The potential power output of wind generation is mainly influenced by the wind speed at the site. In practice, as the wind supply changes with time and exhibits spatial correlation, the variations in wind speed are commonly represented by the autoregressive moving average (ARMA) time-series model [15] . In contrast to other approaches, time series ARMA wind speed models can reproduce the high-order auto-correlation and the seasonal and diurnal distributions of the actual wind speed, therefore, these models are widely used in reliability studies. In this paper, the historical hourly wind speed data from Zhangjiakou are used to develop the required ARMA model. Zhangjiakou lies in northwest Hebei Province in China and has an average wind speed of 6.3 m/s. The ARMA model for the wind regime at this location is given in (5).
where y t is the time series value at time t; τ t is a normal white noise process with a mean of zero and a variance of σ 2 (i.e., τ t ∈ NID(0, σ 2 )); and NID denotes the normal distribution. With the derived model, the wind speed at time t can then be simulated using (6):
where ϕ t and σ t are the hourly mean wind speed and standard deviation for the wind site, respectively. Given wind speed samples, the available power output from a wind turbine (WT) can be derived by following the characteristic function [14] , as given below:
where v ci , v rat , and v co represent the cut-in, nominal, and cut-out wind speeds, respectively, and P w rat refers to the rated capacity of WT.
All the WT units are assumed to be exposed to the same wind regime characterized by the ARMA model and thus to provide the same power output within a given time period. The power outputs of individual WT units are aggregated to obtain the total output from wind power generation for the site in each period.
2) PV
The model of the solar PV unit is made up of two parts: one is the solar irradiation function and the other is power generation function which links the solar irradiation to the power output of the PV solar generator. In current literatures, the Beta PDF is common to used to represent the stochastic behavior of daily solar irradiation [16] :
where s i ∈ [0, 1] is the solar irradiance(measured in kW/m 2 ) received by the ith solar unit; f (s i ) is the Beta PDF of s i ; α i and β i are the parameters of Beta PDF which can be inferred from estimates of the mean and variance values of historical irradiance data [17] . It is worth noting that if the local distribution network is in a geographical close area, it is usually to assume that
Once the irradiation distribution is modeled, the output of the ith solar PV unit can be determined as follow [14] :
where P S i is the output power of the ith solar PV unit; g s () is the solar generation function; θ S i is the operation parameter vector of the ith solar PV unit; k vi is the voltage temperature coefficient V/ • C; k ci is the current temperature VOLUME 6, 2018 coefficient A/ • C; FF i is the fill factor; I SCi is the short circuit current in A; V OCi is the open-circuit voltage in V; I MPPi is the current at maximum power point in A; V MPPi is the voltage at maximum power point in V; N oti is the nominal operating temperature in • C; T ai is the ambient temperature in • C; N i is the total number of solar PV unit.
3) TRANSFORMERS
Transformers are stationary devices that are the major power source for DGS. Although transformers can be controllable, two fundamental factors may cause uncertainties in their operations: grid power fluctuations and mechanical degradation [14] . To consider these factors, we represent the mechanical availability of transformers using a two-state Markov model, and the available power from the external grid is assumed to follow a uniform distribution of [0.8, 1] with respect to the substation capacity, as suggested in [14] .
4) CONVENTIONAL LOAD DEMAND
Electricity demand exhibits highly stochastic variations in a short-term scale of time. However, for the planning purpose, the annual hourly bus loads in microgrids can be reasonably represented by probabilistic distributions [10] and the historical data of the sites are available. For not losing generality, it is assumed that the demand load D k follow the Normal distribution as expressed in (10), which is same to the [10] :
where µ l k and σ l k are the mean value and standard deviation of the load demand at bus k.
IV. DR CHARACTERIZATION
As an effective control means, DR could improve the operation efficiency of RDG and mitigate the uncertainties of RDG in the DGS [18] . Hence, proper understanding of DR characteristics is the premise for assessing the CC of RDG.
As mentioned in Section I, from the system operator (SO)'s point of view, the availability of DR resources is influenced by not only load characteristics, but also the behavioral pattern of end-users [19] . As such, as differing to conventional generating units, the deployment of DR is subjected to significant uncertainties [20] .
To properly consider this, in this study, a novel fuzzy model for representing DR uncertainties in DGS is proposed. In this model, the customers' behaviors in DR programs are divided into two coupling processes: instant response and inter-temporal effect [21] . The details formulation will be described next.
A. INSTANT RESPONSES
Unlike conventional physical resources, the capability of DR is basically stemmed from the use of electrical appliance by customers. According to the flexibility of load, the electricity loads can be generally classified into responsive and nonresponsive load [22] . For example, the lighting equipment, servers or critical production load of industrial and commercial users, and the cooking appliances of residential users are non-responsive load. The heating and ventilation appliances and energy storage could be the responsive load. Through the questionnaire to customers, the information and preference of load types can be gathered [23] . Thus the annual hourly responsive and non-responsive load can be obtained grounded on the measured data from AMI.
Once the above data is determined, the overall demand response potential of one node in system seems to be attainable by simply summing up the outcome from each individual. However, this proves not always the case due to the fact that customers will not stay in compliance with DR signals whenever they feel the incentives not attractive to them.
Although the responsiveness of loads may vary significantly in different customers, the aggregated form of DR could whereas exhibit highly statistical regularity at the nodal level of distribution systems. With the advanced techniques, such as [8] , the associated PDF for elasticity variation of different load types can be properly estimated. For this reason, the probabilistic method appears to be a natural choice for DR estimation.
The most preferable technique for representing load responsivity is through Gaussian distribution [14] , due to its simplicity to use and generality. However, as load composition and their ratings mainly vary for the end-users at different buses, the probabilistic distribution that observed can be always non-stationary, which is embodied as nonstandard multimodality and skewing feature in shape [11] .
In view of this, in this research, we model the instant responsivity of customers for a single period by using a Gaussian mixture model (GMM). If suppose x to be he set of aggregated customers with independently distributed load responsivity, viz. x = {x 1 , x 2 , . . . , x N }, the corresponding GMM function can be given as follows
where γ and M c is the set of parameters defining each component member and the total numbers that under concern; f (x|µ i , σ i ) represents the density function of the ith component with the mean and covariance of µ i and σ i . Besides, ω i denotes the weighting coefficient that associated with the ith component, subject to ω i ≥ 0 and M c i=1 ω i = 1. Equation (11) represents the potential of demand responsiveness under the idealized situation. However, in practice, customers may not fully commit to DR signals whenever they feel the incentives not attractive. In order to consider such effect, a participation factor ς k is introduced here for indicating customers' willingness for DR involvement, and the aggregated DR model can be thus derived (12) where P dr k,t represents the responsivity of demand in customer k, where P dr k,t ∼ f (x|γ ). Differing to generating units in the traditional sense, DR activities do not provide real power to the power systems, but rather serves as conceptually virtual capacity, the availability of which is stemmed from energy consumptions itself. Accordingly, there is a natural high degree of correlation between system loading level and DR responsiveness. Because of this unique characteristic, it is necessary to consider such a correlation in sampling elasticity data for the CC evaluation, thus equation (13) is written as follows
where A represents the simulation of correlated elasticity values to load demand with normal distribution.
B. INTER-TEMPORAL EFFECTS
The central aspect about inter-temporal effect of DR is load recovery (LR) [11] . Within the context of the electricity market, DR can be regards as a controllable resource provided by the demand side. Whether and when to response the DR signal is always determined by the users themselves. Therefore, LR can be explained as a kind of compensatory behaviors for the utility losses that imposed by the demand shifting. It is similar with the monetary or debt value assessment in the financial market [24] . Under such assumption, a fuzzy model is proposed to represent the LR process.
1) MODELING OF CUSTOMER UTILITY LOSSES
The evolution of customer utility for consumption delay over time is described using an function as given below, based on the time value of utility losses for DR participation [25] .
where U k,t 0 and U k,t 0 +n t represent the utility change for customer k if the particular quantity of consumption P rp k,t0
were shifted from t 0 to t 0 + n t, t is the minimum time interval in the model; P rp k,t0 denotes the DR capacity that scheduled in period t 0 ; δ k is coefficient that represents the utility decays with time, named 'discount rate' that from the finance theory [25] . Such discrepancy is caused by the inconvenience of delaying the electricity consumption and direct revenue loss of DR participants. Similar to the financial markets, the discount rate fluctuates in real time, and the value is influenced by the electricity market, system status and the behavior of users [26] . In order to indicate the above uncertainty, the Brownian motion is employed in this paper, which has been commonly used in the financial or stock market [27] , [28] . δ k can be calculated by: (15) In (15) , denotes the discount rate at t 0 + t, κ is the drift variable describing the direction of motion, and N (t 0 + t) is the normal distribution which describes the volatility of the motion-trend, and |δ k | ≤ 1. In some situations, the value of discount rate may be negative. This implies that the consumer may get more utility compared with the previous time slot. According to (15) , the discount rate of one individual can be illustrated using a visualized form, as shown in the Fig. 1 . In addition, the elastic utility function is employed to represent the utility of electricity consumption for DR users, which is defined by [29] :
where the U (P k,,t ) is the utility function when the load demand reaches to P k,t ,; η is the elasticity coefficient, which ranges from 0 to 1. For real world scenarios, the utility of the customer would increase with the growth of load demand, but their marginal utility would decrease. Therefore, U k,t0 can be calculate by:
where U is the derivative function of U and denotes the marginal utility of user k.
2) THE MODELING OF LOAD RECOVERY PROCESS
In this paper, we suppose that if DR is invoked at t 0 with the quantity of P rp k,t0 , users will recover their consumption at one single time slot during the interval [t 0 + a, t 0 + b], where the recovered demand is proportional to the quantity of load reduction that has been achieved previously. To characterize this load recovery process, based on (14), the modified utility U k,t 0 can be calculated as (18) where U k,t 0 is the modified utility(when the P rp k,t0 DR is invoked in time t 0 andε k P rp k,t 0 load recovers in the time t 0 + n t); ε k is a fuzzy variable indicating the proportion of recovered demand w.r.t. the previous load reduction.
For simplifying the model, parameters a and b in (19) are assumed to be constant values. Based on the common sense, the users always choose the load shifting or DR strategies VOLUME 6, 2018 based on his own utility [26] . Thus, we could construct a probability distribution based on the utility change, which represents the likelihood of the user for choosing time slot t to recover his consumption. Here, the t ∈ [t 0 + a, t 0 + b]. The probability distribution can be expressed by
According to (14) , we can see if neglecting the difference of utility losses in the interval [t 0 + a, t 0 + b], the probability of choosing a time slot for recovering load should be equal for all the time slots. Considering the difference of utility losses and the uncertainty in customer behaviors, the probability is modified by the utility loss in different time slots. Moreover, it is simple to prove that the sum of above probabilities is equal to one. Based on (14)- (19), the probability of the recovery time slot for the user k can be calculated. From the perspective of users, if there is a LR occurred in one time slot, the user should be not able to respond to DR signals in that time slot, otherwise the satisfaction of the user would drop down and may choose to withdraw from the DR program [30] . Thus, when the load recovery is considered, in this paper, the available DR capacity can be calculated as
The above equation represents that when the load reduction caused by the previous DR invoked recovers in the current time slot t, the DR resource is assumed to be unavailable at t. Here, b is a binary variable that is equal to 1 if the load were recovered in time slot t, which is determined by the sampling result, according to the probability distribution (19) . By combining (19) and (20), we will derive the actual load power P k,t of user k in the time slot t, as given below
V. CALCULATION METHOD
In contrast to the conventional DR models, the proposed reliability model contains fuzzy inter-temporal constraints. To effectively deal with such constraints, the SMCS method is employed to evaluate the CC of RDG in the presence of DR. The overall procedure is specifically described in the following steps as Fig. 2 :
Step 1: Based on the reliability parameters (MTTF and MTTR), generate the chronological state series for the WT, PV and transformer using the inverse transform method [31] . The time-horizon of simulation is taken to be one year (8760h).
Step 2: Generate the annual hourly data of wind speed, output of transformer and PV using the ARMA model and the uniform distribution respectively.
Step 3: Based on the sampling data from Step 1 and 2, determine the annual hourly output time series of the WT {P wt t |t ∈ {1, 2, . . . 8760}}, PV {P pv t |t ∈ {1, 2, . . . 8760}} and transformer {P set t |t ∈ {1, 2, . . . 8760}}.
Step 4: Based on (21), determine the load level in the current time slot P t with the binary decision of load recovery {b k (t)|∀k ∈ K} and the load recovery DR {P rp k,t |∀k ∈ K}. The initial value of b k and P rp k,t are assumed to be zero.
Step 5: Compare the total available supply capacity P gt with the annual hourly load time series P t . If the loss of load situation exists (P gt < P t ), the DR resource will be invoked at the current time slot t.
The detailed dynamic procedure to calculate the available DR resource and update the vector b k = {b k (t)|t ∈ {1, 2, . . . 8760}} and P rp k,t = {P rp k,t |t ∈ {1, 2, . . . 8760}} can be summarized as follow:
For each nodal user k = 1, 2, . . . K . If b k (t) = 1 for the current time slot , then the available power from DR unit equates to zero, i.e., P adr k,t = 0 as represented in (21) , and the b k and P rp k,t do not need to update, terminate the procedure and move to the next user k + 1. Otherwise, continue.
Generate the participation willingness value ς k,t based on the fuzzy distribution and transformation method as follows [32] :
The purpose of transformation is to find a probability distribution which could preserve the uncertainty in event A, and the transformation must satisfy the following orderequivalent constraint [33] :
Then, the probability P and the possibility R of any event A in the finite set X = {x 1 , x 2 , . . . . . . x n } should satisfy:
Based on the above definition, the transformation method applied to the triangular possibility function is proposed in [34] , as follows:
where the interval [a,b] is the support set of the possibility membership function r(x); C α denotes the α-cut set of r(x).The mode value |C α | represents the width of C α . For example, if a triangular-based fuzzy number is considered,
the converted PDF can be obtained as f (x) = −1/2 ln(|x|), according to (24) .
Based on (21), determine the available power from DR resource P adr k,t with the participation willingness and the historical responsive load data P dr k,t . Calculate the total available DR resource in the system P adr t by summing up the P adr k,t of all nodal user. And determined the amount of invoked DR P rp t of the system in the current time slot t by
Equation (26) denotes that P rp t is determined by whether the available DR resource can make up the gap between the available supply capacity P gt and the load demand P t . The amount of invoked DR for each user is allocated according to the proportion that the individual available DR P rp k,t accounts for of the total available DR in the system P rp t , which can be expressed as: (27) For the each nodal user k = 1, 2, . . . K . Calculate δ k,t during the load recovery interval [t 0 , t 0 + b] according to (20) , the volatility of the motion-trend N (t 0 + t) can be sampled based on the normal distribution. Then, compute the load recovery probability distribution (20) .
Determine the load recovery time slot in the interval [t 0 + a, t 0 + b] based on the sampling result from the load recovery probability distribution, and calculate the proportion of recovering load ε k through the fuzzy distribution as described above.
Update the b k and P rp k,t according to the result above, end the procedure and go on the next user k + 1.
Step 6: Once P adr t is determined, calculate the loss of load (lol t ) as:
Repeat the Step 4-6 until it reaches 8760 hours. Calculate the LOLE 0 for a number of sampling year(N ) using (29) when the coefficient of variation β lole = σ lole /η lole converges [35] .
Step 7: Calculate the LOLE n by removing WT units from the DGS and increasing the reference firm capacity P rf k , repeat Step 7 until following convergence criterion can be satisfied:
where n denotes the number of iterations; P rf k represents reference firm capacity in the kth iteration. Here the step size of reference generation capacity is taken to be 0.1MW, namely P The case studies are conducted based on IEEE-38 bus distribution system. As shown in Fig. 3 , the distribution system comprises 31 load buses and 37 transmission lines.
FIGURE 3. IEEE 38-bus distribution system.
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The substation with the nominal rating of 120 MVA is located at Bus-1. The total capacities of PV and WT are 20 MW and 40MV, respectively. Two gas turbines with overall capacity of 20 MW are installed at Bus-24, as spinning reserve units. The WT has cut-in, cut-out, and rated weed speed of 3 m/s, 22 m/s, and 10 m/s, respectively. The reliability parameter of the components is shown in the Table 1 . In such a system, the chronological load curves are extracted from real metered consumptions in history, which have an hourly resolution and recognize the customer sector at each bus. It is also assumed that the DR users are present at Buses 3, 5, 18, 20, and 34 . In this work, the behavior of customer includes the participation factor and the LR characteristics as describer in Section IV. The parameter is shown in the Table 2 . Here, the recovery factor is taken to be t(0,0.3, 0.6,1.1), and the recovery time range is considered to be a = 3 and b = 9
B. RESULTS AND DISCUSSIONS
To reveal the CC of RDG with the influencing of DR mechanism, a group of comparative studies are conducted considering different scenarios, which to be introduced in the following subsections.
1) CC OF RDG WITH DIFFERENT PENETRATION LEVELS
To analyze the effect of penetration on the CC of RDG, the penetration of RDG is adjusted. At the same time, the influence of DR has also been discussed. The result with different penetration is illustrated in the Fig. 4 .
From the results in Fig. 4 , DR can improve the CC of RDG effectively, and it decreases with the growth of the penetration. If the capacity of RDG continues to increase, the growing rate of CC tends to decrease.
2) DR IMPACT
The DR impact on the CC of RDG will be analyzed in this section. The cases are based on WT-50% and PV-50% case. So, in this study, the capacity of DR (w.r.t. the maximum value) is adjusted. The initial CC of RDG is 29.51%. The CC of RDG with different capacity of DR is illustrated in the Table 3 . It can be seen from Table 3 , regardless of the capacity of DR, there is a reliability benefit for all the cases compared to that without DR. The largest CC value arises when the DR capacity is +30%, which is 40.28%. It is 1.36 times to the result that derived in the scenario excluding DR potential. Such results imply that DR can improve the CC of RDG effectively. Another result observed in Table 3 is that the CC of RDG increases with the growth of the capacity DR, but the increment of CC tend to be decrease and the value of CC saturates. That means that the contribution of DR to the CC of RDG proves, when there is more responsive load in the system. However, with the situation described above decreasing, the marginal benefits of DR also decrease.
3) CORRELATION BETWEEN RDG AND DR
As mentioned in Section šV, DR resources do not actually generate real power, but rather originate from the consumption behaviors itself. Accordingly, there is a natural relevancy between DR potential and RDG. Because of this, a sensitivity study is implemented to reveal such impact. Fig. 5 shows the variation of CC with different correlation factors between RDG and DR, which is obtained based on the wind(50%)-solar(50%) system The simple trail method has been utilized for generating the correlated data. From the figure above, we can see that when the correlation with DR of WT and PV are 0.27 and 0.75, the maximum reaches 47.84%.
As indicated, the CC of RDG is sensitive to the degree of correlations between RDG output and customer responsivity.
Higher CC values tend to achieve as the correlation increases (more interdependent). This implies that RDG units can be more profitable if the proportion of flexible demand remains stable in the end-use consumption all the time. As such, the accuracy of DR and RDG survey should be emphasized, which is of highly importance to optimal decision-making in power system planning.
4) DR UNCERTAINTIES
To demonstrate the impact of DR uncertainties on the CC of RDG, three scenarios that represent different paradigms for deploying DR are defined as follows:
Scenario I: The inter-temporal effect is considered, and the possibilistic parameters are shown in the Table 1 .
Scenario II: The effect of inter-temporal is neglected. In this case, the available DR resource is only determined by the instant amount of the responsive load.
Scenario III: The inter-temporal effect is considered, while the possibilistic parameters are assumed as the constant. In this case, Participation factor are described as Table 2 , and the Recovery proportion is described as t(0,0.3,0.6,1.1), and the Recovery time range is described as a = 3 and b = 9, respectively.
As shown in Fig. 6 , the modeling of DR has a direct impact on the CC that obtained. Lower CC is present when the intertemporal effects are accounted for. The above fact indicates that the existence of such properties would partially offset the reliability benefits produced by load shifting and tend to render DR less pronounced than expectation in practice. Therefore, neglecting above mentioned factors in DR modeling might lead to over estimation of RDG capacity value. 
VII. CONCLUSION
In this study, a systematic analysis on the CC of RDG in future distributed generation systems in the presence of DR has been investigated. For this aim, a novel DR model considering both aleatory and epistemic uncertainties of human behaviors has been developed.
Since DR resources introduce inter-temporal constraints, SMCS has been utilized to compute the CC of RDG in power systems with DR. The numerical results based on IEEE-38 bus test case show that the CC of RDG could depend on a variety of factors, which include penetration level, flexibility of load demand as well as the correlations between RDG and DR availability. In general, more penetration allow for a lower value of CC. Additionally, it is found that the integration of DR has a notably positive impact on the CC of RDG. As DR contribution varies with the correlations between RDG and DR, the most benefits could be achieved only if RDG and DR resources were fully coordinated in system planning. Finally, it is revealed that the inter-temporal effects and the uncertainties in consumer behaviors can have a significant impact on the CC of RDG. Therefore, incorporating these facets proves to be of great necessity for accurately representing the performance of DR in reliability studies. He is currently a Professor with the Department of Electrical and Electronic Engineering and also directs the Power Transmission and Distribution Institute, North China Electric Power University. His special fields of interest include power system security assessment, power system planning, and distributed generation. VOLUME 6, 2018 
